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Abstract. Video games have become one of the most popular mediums
across cultures and ages. There is ample evidence that supports the bene-
fits of using games for learning and assessment, and educators are largely
supportive of using games in classrooms. However, the implementation
of educational games as part of the curriculum and classroom practices
has been rather scarce. One of the main barriers is that teachers face to
actually know how their students are using the game so that they can
analyze properly the effect of the activity and the interaction of students.
Therefore, to support teachers to fully leverage the potential benefits of
games in classrooms and make data-based decisions, educational games
should incorporate learning analytics by transforming click-stream data
generated from the gameplay into meaningful metrics and present visu-
alizations of those metrics so that teachers can receive the information
in an interactive and friendly way. For this work, we use data collected
in a case study where teachers used Shadowspect geometry puzzle games
in their classrooms. We apply learning analytics techniques to generate
a series of metrics and visualizations that seek to facilitate that teachers
can understand the interaction of students with the game. In this way,
teachers can be more aware of the global progress of the class and each
one of their students at an individual level, and intervene and adapt their
classes when necessary.

Keywords: Educational games - Learning analytics - Game-based as-
sessment - Technology-enhanced Learning.

1 Introduction

Playing games is one of the most popular activities for all ages of people around
the world, and its value as a learning opportunity has been widely accepted. In
U.S., for example, nearly three-quarters (74%) of parents believe video games can
serve an educational purpose for their children [7]. This has prompted a rapidly
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increasing interest in using games in educational settings, not simply because
“it is what kids are paying attention to,” but because well-designed games are
very closely aligned with the design of good educational experiences [16, 8]. That
is, well-designed games pose cognitively complex and challenging problems that
deeply engage learners, thus helping them to learn more [20].

The benefits of games to support student learning have been well documented
over past 10 years. In a recent meta-analysis study, Clark and his colleagues [6]
report that compared to nongame conditions, games had a moderate to strong
effect for improving overall learning outcomes including cognitive and interper-
sonal skills. Another review [4] similarly reports games are beneficial for learning
of various outcomes such as knowledge acquisition, affect, behavior change, per-
ception and cognition as well as so called 21st Century Skills [21].

While ample evidence shows that games, in general, have a great potential
to support learning, only when combined with a thoughtful curriculum, games
can be successfully used to support learning in classrooms [26]. Successful and
meaningful integration of game-based learning in classrooms largely depends on
teacher’s practices and classroom-contexts [15]. Several studies have pointed out
the difficulties that teachers face to implement games in the classroom including
the rigidity of the curriculum, the perceived negative effects of gaming, unpre-
pared students, the lack of supportive materials, fixed class schedules and limited
budgets. Time is another limited resource; spending class time on learning com-
plex controls or watching long tutorials or teachers using their planning time
to familiarize themselves with the educational components of the game can be
limited [14]. Moreover, teachers often do not have the proper tools to understand
how students interact with the game environment and in what areas students
might need support. There are several options here, but one common approach
has been to provide learning analytic dashboards that can represent the low level
interactions in simple visualizations. This can bring opportunities for awareness,
reflection, sense-making and, above all, about the potential to improve learning,
that is, to get better at getting better [28].

For this educational purpose, we are using Shadowspect, an interactive com-
puter game where students can create geometrical primitives such as cones or
spheres to solve 3D puzzles, developing their geometric, dimensional and spatial
reasoning skills. Shadowspect features 30 levels of gradually increasing difficulty
where students need to move and rotate shapes in order to find solutions to
modeling problems. Using Shadowspect, students’ interaction with the game is
collected in order to analyze different metrics like active time, a number of puz-
zles completed or the total number of events performed while playing. These
metrics can be presented graphically so that teachers can observe each students’
progress in the game and find problems that the whole classroom could be having
with a specific puzzle. More specifically, for this research we have the following
objectives:

1. To present a proposal of metrics that can help teachers to understand the
interaction of students with Shadowspect.
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2. To present a case study with two uses cases from data collected in K12
schools across the US using Shadowspect:
(a) A first use case using these metrics to understand the global progress in
an entire classroom.
(b) A second use case using these metrics to understand students’ progress
in a classroom at an individual level.

The rest of the paper is organized as follows. Section 2 reviews background
literature on student engagement and learning analytics. Section 3 describes the
methods, including Shadowspect, as well as the educational context and the
data collection. Section 4 presents our proposal of metrics, and in Section 5 we
introduce and describe both use cases using the previous metrics and visualiza-
tions. Then we finalize the paper with discussion, conclusions and future work
in Section 6.

2 Related Work

With current data collection technologies, we can collect large datasets from
students’ interaction with educational games that need to be treated in order to
be understood [1]. Learning Analytics (LA) is a field of research and practice that
aims to collect and analyze data generated by a learner in a given environment,
which in this case can be applied to educational game data. This data analysis
is not only useful for the evaluation of the students [13], but it can also be used
for future improvements in the design of educational games, to personalize the
difficulty of the scenarios according to the student’s abilities [2] or as in our case
study, to identify strange behaviors or difficulties of the student when facing a
task. Finally, one of the main advantages of data analysis is to increase student
engagement and improve learning, as engagement and learning are linked [5, 9.
This personalized adaptation of scenarios and difficulty per student goes one step
further with multimodal learning analytics, which aims to collect data external
to the game such as the student’s heart rate [18], and can be used for multiple
purposes, such as to adjust the game difficulty based on the identified problems
and levels of concentration [27].

Researchers often implement metrics to make sense of the collected. raw data
through a feature engineering process [17, 19], which are higher level information
measures extracted from the data and according to the specificities of each met-
rics’ purpose. In our case, the algorithms seek to obtain metrics related to the
levels of activity, difficulty and other patterns, as other previous worked have
attempted [11], so that we can predict behavior or assess the student based on
what the instructor con learn from those metrics. Each environment might have
specific metrics, however, there are some that are often implemented, such as
the number of events or the time within the educational game.

In some previous studies, the main goal has been to measure the engagement
of each student. Authors in [22] differentiated four dimensions: the general activ-
ity, social, exploration and quests, and they found four profiles of engagement:
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fully engaged, lone achiever, social explorer and non-engaged. In this study we
implement similar metrics: for the general activity dimension, we implement a
series of levels of activity and for the exploration dimension we analyze the funnel
in the game puzzles. Another example of the importance of metrics for evaluation
is described in this paper [12], which deals with the application of game-based
learning to mathematics contents. Its aim is to study improvements with previ-
ous training through play and to see if those metrics can be indicators of success.
The study was carried out with students of about 10 years old that completed
mathematical tasks about rational numbers, using the game Semideus School.
The control of the behavior and performance of the students was recorded with
different metrics, similar to our case but adapted to their type of game, and they
proposed parameters such as time spent, the maximum level reached, number
of games played or general performance. As a conclusion, the use of metrics in
game-based learning as part of the evaluation process stands out.

Despite the proven benefits of educational games in learning [21], their imple-
mentation in schools remains rather limited. Problems such as the lack of both
computational and additional human resources, teacher’s rejection of new teach-
ing methods, the fact that some teachers still believe that the implementation of
educational games is a complex process that is beyond their reach, make it very
difficult to systematically expand the implementation of games in educational
settings. That is why providing guidelines and facilitating a simplified deploy-
ment of these games is so important, so that their implementation can greatly
benefit teachers and students [3]. One of the reported methods to facilitate the
adoption of educational games in the classroom is to provide visualization dash-
boards that can represent easy, interactive and intuitive visualizations, a series
of interactions of the student with the environment. Previous studies have made
this proposal in other types of learning environments, such as for massive open
online courses [23], or intelligent tutoring systems [10]. In our paper, we propose
a set, of visualizations of the data collected in the educational game Shadowspect
[25], as a tool for teachers to detect problems within a class or with a particular
student as proposed by previous work [24]. With a visualization dashboard sys-
tem in place, the teacher can monitor what students are doing with the game
during the class period and intervene during the development of the activity
when appropriate or even use these metrics as part of formative assessment.

3 Methods

3.1 Shadowspect Tool

In this case study we use Shadowspect, a game-based assessment tool that aims
to provide metrics related to geometry content and other behavioral and cog-
nitive constructs. Shadowspect has been designed explicitly as a formative as-
sessment tool to measure math content standards (e.g. visualize relationships
between 2D and 3D objects), thus teachers can use it in their core math cur-
riculum.
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When students begin a puzzle, they receive a set of silhouettes from different
views that represent the figure they need to create, which will be composed
of other primitive shapes the student can put into the scenario. The primitive
shapes that students can create are cubes, pyramids, ramps, cylinders, cones
and spheres. Depending on the level and difficulty, the puzzle may restrict the
quantity or type of shapes they can create. After putting these shapes in the
scenario, they can also scale, move and rotate the shapes in order to build a figure
that solves the puzzle. Students can move the camera to see the figure they are
building from different perspectives and then use the ‘Snapshot’ functionality to
generate the silhouette and see how close they are to the objective. Finally they
can submit the puzzle and the game will evaluate the solution and provide them
with feedback.
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Fig. 1: Two puzzle examples in Shadowspect

In the version of Shadowspect that we have used in this case study, we have
9 tutorial levels, 9 intermediate and 12 advanced. The tutorial levels aim to
teach the basic functionality of the game, so the students can learn how to build
different primitives, scale and rotate them, how to change the perspective, take
snapshots and so on. The intermediate levels allow students more freedom so
they will not receive so much help to solve puzzles and then the advanced levels
pretend to be a real challenge for students who have gained experience with
previous levels before.

3.2 Educational Context and Data Collection

The data used (N = 300) for this paper was collected as part of assessment
machinery development that later will be implemented in Shadowspect. Due
to the goal of ensuring that we have sufficient data points to create robust
assessment models, the team recruited 7 teachers who can use Shadowspect at
least two hours in their 7" grade and 10" grade math and geometry classes. In
this paper, we focus on a single class with 31 students to represent a real case
scenario of how a teacher could use these visualizations to monitor the progress
of their students in the classroom. All student interactions with the game were
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collected and stored in a MySQL database, we do not collect any identifiable or
personal data from the users except for a nickname. The data collection of the
selected class with 31 students includes around 54829 events (an average of 1768
events per user); students were active in the game environment for 33 hours (an
average of 65 active minutes per student), and students solved a total of 448
puzzles (an average of 14 puzzles per student).

4 Metrics Proposal

For the analysis of the data within our game we have defined four different
metrics: Levels of activity and difficulty, puzzle funnel and sequences between
puzzles. With these metrics we obtain a detailed analysis of the students’ in-
teraction with the game, so the teacher can receive detailed information that
can be used to evaluate and analyze students’ interactions. With this analysis
we cover the most important aspects in order to monitor and analyse students’
activity in a simple way. In addition, we want to explore the affordances of com-
bining several metrics together to augment their significance. Next, we explain
the implementation details of each metric.

— Levels of activity: This metric implements a set of parameters that de-
scribe the levels of activity of the user with Shadowspect. These are straight-
forward metrics to compute based on a feature engineering process, such as
the active time, number of events, different type of events, and number of
different types of events like snapshots, rotations, movements, scaling, shape
creations and deletions, among several others. However, for this case study
we focus only on the two first types of events that we mentioned because
these are the most important to look at when analyzing students’ interac-
tion with the game, however we would like to denote that all of them are
available for the teacher.

e active_time: Amount of active time in minutes establishing an inactiv-
ity threshold of 60 seconds (i.e. if the time between two events is above
60 seconds, the user is considered to be inactive during that time and
this slot is omitted from the computation).

e n_events: Total number of events triggered within the game (every ac-
tion performed by a student in Shadowspect is recorded as an event).

— Levels of Difficulty: This metric provides a set of parameters that are
related to the difficulty of the puzzles:

e completed_time: This parameter is computed by dividing the amount
of time invested in the game (active_time) by the number of completed
puzzles.

e actions_completed: This parameter is computed by dividing the num-
ber of actions (n_events) by the number of completed puzzles.

e p_incorrect: This parameter is calculated dividing the number of incor-
rect attempts by the total number of attempts (n_attempts) multiplied
by 100.



Visualizing Educational Game Data 103

e p_abandoned: This parameter is computed by dividing the number of
started puzzles by the number of completed puzzles.

e norm_all measures: First the four aforementioned parameters for this
metric are standardized by computing the z-scores of each metric (i.e.
z = =L where p is the mean and o the standard deviation of ). Then,

ag
we make the sum of the standardized parameters:

Zall_measures — Zcomp_time + Zactions_comp + Zp_incorrect + Zp_abandoned (1)

Finally, the calculated parameter is normalized between 0 and 1. The
parameters min, _qii_measures ANd MAT ,_qil_measures are the minimum and
maximum of the 24 measures-

norm o (Zall,measures - mznz,all,measures) (2)
all_measures — .
(mamz,all,measures - mlnz,all,measures)

— Puzzle funnel: A conversion funnel is an e-commerce term that describes
the different stages in a buyer’s journey leading up to a purchase. We use this
same metaphor to illustrate the stages that a student can go through in order
to solve a puzzle. We define the following four stages for the funnel: started
(if the student has started the puzzle), create_shape (if the student has set
up an object into this particular puzzle), submitted (if the student checked
the puzzle solution) and completed (if the student has submitted the puzzle
and the solution is correct). Then, we analyse the data to count the stages
reached for each one of the puzzles and by each student. This funnel seeks
to provide a quick overview of the current status for each student and puzzle
in a class.

— Sequence between puzzles: Although Shadowspect puzzles are divided
in three different categories based on its difficulty, they do not have to be
completed in a linear sequence. Therefore, students can jump from any puz-
zle to another, regardless of its difficulty, pursuing their own interests and
exploring the game. In this metric our objective is to analyze the temporal
interaction of students with the puzzles following a chronological order, so
that we can reconstruct the sequence of puzzles for a given student. We pro-
vide an output with the sequence of puzzle attempts in chronological order
and the funnel state the student reached in each attempt.

5 Case Study

This section presents the case study that exemplifies how teachers can use these
learning analytics visualizations in two different situations: the first use case in
Subsection 5.1 applies the metrics and visualizations to understand the global
progress in a classroom whereas the second use case in Subsection 5.2 is focused
on the individual progress of students in a classroom.
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5.1 Use Case 1: Classroom Analysis

The first analysis implements visualizations at the classroom level, so that the
teacher can see the overall progress of the class for each particular puzzle. This
can be useful to detect which puzzles are harder or which contents areas re-
quire extra additional explanations or support from the teacher. Figure 2 rep-
resents the first visualization with the puzzle funnel metric with its four stages
as described in Section 4. We represent started (blue), create_shape (yellow),
submitted (red) and completed (green) in a circular chart for each one of the
puzzles, which are arranged following the sequence order of appearance in Shad-
owspect game. For each one of the puzzles, the first sentence on the top indicates
its name and the second sentence the category of the puzzle.
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Fig. 2: Funnel for each puzzle in a classroom.

With this overview of the entire class, the teacher could quickly detect strange
behaviours or problems in a particular puzzle. For this specific class, at the
tutorial level we see that the puzzle funnel is good, having in most cases an
identical number of puzzles in stage completed and in started, which means
that most puzzles that were started, were also completed. For the intermediate
level, we can see that is more frequent to find puzzles with a higher number of
started than completed, which is indicative of the increased difficulty. Once
we review the advanced puzzles, we identify several puzzles that might represent
that students are facing issues to solve them, for example for “Orange Dance”
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(46.9% started, 9.4% completed) and “Bear Market” (43.8% started, 3.1%
completed), we find that the percentage of started puzzles is much higher than
the percentage of completed puzzles. Once these puzzles have been identified,
the next step is to check whether this is due to the high difficulty of the selected
puzzles, conceptual issues or other factors. To do this, we analyze the puzzles
with the levels of difficulty metric.
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Fig. 3: Levels of difficulty by puzzle in a classroom.

In the Figure 3, we represent the metric of levels of difficulty with the four
parameters and the composite measure. In the z-axis we have each one of the
puzzles following the sequence order of Shadowspect, and the y-axis represent
the difficulty parameter as explained in Section 3. For both puzzles, “Orange
Dance” and “Bear Market”, that we identified as having a problematic funnel
in Figure 2, we see that their difficulty parameters are also high. In the time
required to complete the puzzle, we have that “Orange Dance” has a lower time
with 2 minutes on average, while “Bear Market” goes up to 8 minutes, so there
is quite a difference between both, as in the number of actions to complete the
puzzle, which is of 50 actions and 200 respectively. However, for the percentage
of incorrect attempts and abandoned we get almost equal values for both puz-
zles, with percentages close to 100%. Finally, the composite difficulty measure
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shows what already appeared in the previous parameters, for “Orange dance”
the difficulty is around 0.8 and for “Bear Market” it is 1, the most difficult puz-
zle. With this last parameter of the metric, teachers can get a quick overview of
the puzzles that are posing a major challenge among their students.

5.2 Use Case 2: Individual Student Analysis

In this second use case we select a particular group of students in the classroom
to see how they are progressing in the completion of the different game puzzles.
Then, we will see how a teacher can observe students’ progress and difficulties
at individual levels based on three of the metrics we defined in Section 4.
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Fig. 4: Individual funnel for each student in a classroom.

As we can see in Figure 4, we have selected 15 students of the group. Using
the funnel metric, the teacher can easily see the relationship between the number
of started puzzles and the number of completed puzzles for every student. While
some students show good progress as they have high completion rates (Student
188 has 96.7% completed of the total of puzzles available in the game), others
reveal that they have been struggling with some puzzles. For example, Student
155 has started every puzzle in the game but only completed 46.7% of them. We
are going to focus on this last student and figure out if the student is struggling
with solving the tasks or if the student did not put enough effort.
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5.2 Number of seconds spent and number of events performed in each puzzle.

Fig. 5: Sequence of actions and levels of activity for Student 155.

In Figure 5.1, we combine three different metrics at the same time: The z-
axis with the dots represent the sequence of puzzles of the student, while the
color of the dots represents the funnel stage of each puzzle, and then we have
incorporated the difficulty metric of each puzzle by adjusting the position on
the y-axis. The puzzles completed by the student are, in most cases, tutorial
levels and levels with low difficulty. Another thing we can figure out from this
plot is that there are a lot of puzzles that the student has started but not even
put a shape into it. We could think the student has been entering and exiting
the different puzzles without doing anything else, but as it is not sure. To know
what the student has done in each task, we introduce levels of activity metric
for the teacher to review the actions of the student through puzzles.
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From Figure 5.2, we can draw some conclusions about the student interac-
tion. From the previous metric we know that puzzle level named as “Zzz” was
submitted and then we see the active_time and n_events in this puzzle has
been high. So we know the student has spent some time trying to solve it, and
we could now say that the student has experienced difficulties with this puzzle.
As we could imagine, most part of tasks that were in a started stage, have in-
significant values of active_time and n_events performed so it can be assumed
that the student has entered the puzzle but not even tried to solve it.
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6.2 Number of seconds spent and number of events performed in each puzzle.

Fig. 6: Sequence of actions and levels of activity for Student 247.

Now we have analysed a student experiencing certain issues with the game,
let’s focus on a student with good progress to see the sequence of puzzles and the
levels of activity this other student has. In Figure 6.1, we now see a very linear
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progression, where the student has not entered a level until the previous one was
already completed, so the student has been working fine but maybe needs more
time than other students to solve the same amount of tasks. In Figure 6.2 we see
that Student 247 has spent more than 300 seconds in task “45-degree rotation”,
but finally completed it, which shows high resiliency. The time spent by the
student is regularly distributed in the different levels that have been solved.

6 Conclusions and Future Work

The objective of this study was twofold: First to propose a series of metrics that
can provide comprehensive information regarding the process of students with
the puzzles in Shadowspect and second to achieve simple but detailed visualiza-
tions of these metrics that can allow teachers to track the students within their
class, so that they can evaluate or detect problems quickly and effectively. In Sec-
tion 4, we proposed four metrics that can generate explainable insights regarding
the interaction of students with puzzles; the main goal was to provide easy-to-
understand and actionable information for teachers. In the Subsection 5.1, we
reported a set of visualizations at a classroom level for those metrics, so that
teachers can evaluate the learning process of the class in a global way. Within the
overall analysis, the teacher can identify the puzzles where students have found
problems and analyse the cause with the difficulty metric. This approach can
help alleviate one of the main problems when implementing educational games
in the classroom, which is the possibility to better understand how students
interact with the game and the overall progress. Then, in Subsection 5.2 we pre-
sented a use case where teachers can monitor the individual activity of a student
in Shadowspect using visualizations of the metrics. We analysed two different
individual students, one of them with poor performance in the resolution of puz-
zles, and another showing a better puzzle funnel, but with a low percentage of
completed puzzles in relation to the total number of levels available in the game.
These two analyses exemplify how a teacher can assess the status of a student
in the class and solve the possible problems a student might be having during
a session. This represents an opportunity for educators to provide personalized
attention to their students and help them in their learning process.

The next stage is to use this opportunity to implement just-in-time interven-
tions that aim to provide support at the right time by adapting to the needs
of each individual. One of the main limitations of this work is that these are
offline static visualizations, and thus inflexible and not scalable. Therefore, as
part of the future work we will be working on the co-creation of a dashboard
for teachers that can provide greater speed and interactivity when displaying
data from a class or individual students, and hence enabling just-in-time inter-
ventions during the sessions. Also we will be working on obtaining evidences
of the interpretability of these visualizations and to make them explainable so
that teachers can easily intervene. Shadowspect is designed as a formative as-
sessment tool, and thus we can also use these visualizations for students so that
they can receive feedback and improve their self-awareness. More nuanced met-
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rics and visualizations will allow students to visualize their mistakes and areas
of improvement. In this way we can use Shadowspect as a robust learning tool
with that can be easily implemented by teachers in the classroom and that em-
phasizes the formative feedback to the student. This study has proposed a new
dynamic approaches that can be helpful to facilitate systematic implementation
of educational games in the classrooms of the future.
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